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Figure 1 Cloud-based video analytics paradigm Figure 2 Edge-based video analytics paradigm (adapted
from [7])

K, WWHEAUWLEEA, Rl TR ESFMAE ML (convolution neural network, CNN) ) H frAa il F1
WRIBOR I T R T, HLEAE B S AT AE55 L E g mT UL |8 2 N 2K, R Re il
ST ARSI FE POEE ) T SEBRR A 00, IR ER AR A W 2% 7R BRI THE &, A1 R EE R &b
FIL LT, (graphics processing wnit, GPU) %5 {14 BESEMHE 1T, 75 B0 HBLAF % BVBCE FLAT iR
THERE IR B B 1 TR ARG SER IR 7 B R G PR T B A = T BESE: Ab T 4Tl
G Ui S AR Sk B  HIDE R AT Fan 2 26 Do B = IR S5 . 5 RS SR 3R i 0 LA
BATAEAE, FFRH GPU BHATHES AT, PR HERRZE RAE Do gt AT AR H. £, smit ¥
B A IR R4 N 25 10 21 i) 2o is 4% B SR, B2 T vk BRI B R Ge i I A 71 58 o5 F K A&
FUSISEENN D NI E TSR P bl A

FET Gt E RS AR A A e X, T DLR g e b () L 30 G0t 5 B A2 T AT 55 AL
T 0 [ 2 IR 55 2% T U B 5 AR ) BRI () 1 25 IR 55 4 B 9 e 2 m i %% B 1), qnfE] 2 17 pip
N, G E LR THREAR S DR R - 0% - = 3 DNES. WA et R R 1R RE
A& TN 25 Ik 55 2 e 08 AEAWAYR PRI BB A B 0 A AT 73 BT AT 55, 2= IR S5 2 A AE 0 BEA5 L R 4R it
THRSCHRPRIEER R G . TR, ZE T2t SRR 23 B 2R 40 o5 P AR BRI b A oy 5 S 2 skl ik
A, NGRS A5 SR ER A B B, AR AR I ] (round trip time, RTT) AL = AR 55 4% LT
A LABIE AT FE T U vt SR AT Ak B 2 4t I 7 5% R AN 1) A% i N S AR A 23 BT (I S,
% 52 B IR 55 BT A SRUR 1 1 R A ST AT 45 1. R BF, A T FLIRE IR, AR R ) 2% 100 5 1) i A KT 1 B
AIHE, RS DR 08 B AR AT S8 AR GE 1R, WA IR 7012 S BB AL B, B 73 S b AT I Ak
BAEZ ST AL, ] DLAT 208 b 2 i B FA T

B 1 SEIFARAI I B AN, Vi 22 N 3 55t 7 B0 K ) oA A AT B 4k 20 dr. 9 dn, KA
A ity 5 S Bl A P AR ORI, AR R A GERR T R AR R A KA SR R e
IR PERRA, B E R SBE N 0 P S, I 6] AT A ) B 2 A i), 75 B E/IN I S B 3 KR ) R &
A RS 2t B R e H AR > s A B B, TN S5 6 DR AT I K A AR A | S itk AT o 28 )
L5 T AR O BN (R AN THER B R, DAL, B AI S BT (A% 0 ) JLE T AT E A S8 2 0 AT BT AL
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BT DL AR AT R AT AR, e i DL D i A FH R R TSR 7 A LA Y
BB DL, ARG BEAT 7001 ). BEE M RF R AN T S 4 RSN (8] JBUP #E4T, PRI
Vi 22 TARHRAE 73 i ACEE AL rh Gt 388 23 T 5 f) A PR A R e £ I AR 19~131 5 i (A Y
RENS AT B AT ISR Re I, AT CAEERS A B R B O LR 93/ B R M R KT 4. A2 L RE ik
E, NoScope 1) F1 THAHOMA "2 Fi FYAN [F) 4 A R A 1 22 e i i, A6 18 42 20 ik A v s e K
AR AU HEAT 72 8 7347, Focus 1OV IR Y B SR R AE A7 RE RTINS R 2 R 51, Ab 3 I ST 5 I AX
XA 2R 1 KR 2 WA e AR R AT O M. AR SR B I ) S AU 7 A, ANk — 2B R OT A
LA T

2017 4F, S E ¥ A Ananthanarayanan 55 U4 $@ ) “SCRP U BT i 10 2 1 550 K 2% T 408
R, I oy 57 — R A0V 8 B A8 - B4 2 SERT AR 70 R Gt 1o~17 0 IR, VR 2N S AR
o M A G ARG FUT IRTRBL, I HIZET S SIS A B AN . B AT Q22 EVF
2 BT SN MU 7 AT BRI 25 ST 7T AR, (EUSARERZ RGEVEIZRIE TAR. Rk, A A BEx 3k 110
Gt SRS AL 73 A U BB BE P NIRRT 1R BEAT 118

1.1 XA

PEINZH R IREEF ) MR A s, D AFAE — SO SRR 2R . JAT T Forp — S ARER
PER TAEREAT XS B 7.

— 5 TAEER O Re A HT. Lin 55 2 B T M 1970 2 2013 108 Re A BT BVEFI R 4.
MATTR G5 T AR BT RGBT 2844 L 44 H s, AR THRRAL S Sk, i T R SR TR
Z AR W F BT IR BE S SR A S, AR NS 2% 2] R B —6 43, Olatunji 55 1P [A] i
TR B M R G S B SRS AN TH RN S R, FE o AR RS L B sRBLSE . 22l A A
B ATRER . Liu %A1 Olatunji 5548 R H R 7R THEAT 5 4 BGRB8l 2 v, WA 48 S T %%
THEL IR 23 AT A3 BT 4244

—HB o TARER XS LT HEAR. Mao %5 18] X A4 1T (mobile edge computing, MEC) ¥
FIEAE TR B MRS AR E TR e S T = RO AR R Al St A e 2 s AT
SIS ) 43 B ), AR R A SRR AT BB RCR. Li %5 19 Q4 T I ER S A
T RGO o3 E AL, IRREE TG R KBS R R R RO BE. AR B T AL s ) 4
W E 7, I BT T i £ R Gt S AR D AR AL S EIR . Mao S5 Li 45 F 2% 8
TIAGAT EAR I — AR AL, B R BAR B R 5

A 35 TAEE S N TR e fil it H 455 . Zhou 55 PO - H T 1048 6E (edge intelligence,
EL) BIMES, 550 R 178 W 28 30 S adb AT IR FE 2 S A R I 2R AN B ) R B e R Zhou S48 H 15K
IR 53 A7 A2 B 90 3 2 8 e i) B AL, FF HPE 2GR g JER A, 5 Zhou SEAHMEL, Chen F
Ran [}, Murshed %5 21 73 GBI T R B 2% ST RINLAR 22 S AR D ST SR Ge N FH B SR RN S (1 1 40
WA FTE S, {H2 R 58 R f A S I 70 A A% B F Re A

B, 5 TAE S A BT I G h S AT IR NI IRAR. Zhang 55 22 B T 10401 AN
PSR T REARIE A% 8 RITEAILZ MU, ZTAENE I TLRETBEN RS K,
XFE5 e BIRRAT 3 W AT 45 AT E SR DL A T 181, Jedari 25 (231 A28 77 FLIC A AT A% i P 10 17°) 3%
BlAIIR, DL TG 2 A 83 I 28 BRI Gt S SCRE. A8 70 M 1 Jo 2 2430 it AR AR AL i
M HrH & AR . Zhang S50 Jedari 55 () TAE#ER 0G5 7L GANIRI M, (B2 AbA A 42 2
FRTI0F AN R G50l L iR, oF 30 5% SIS A 3 B Pl B ) S SR BB AR I RGeS A AL 4.
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Figure 3 (Color online) Typical video analytics pipeline, taking face recognition as an example

1.2 AICTER

AR TR AN T
o WCHEFIEEEL T LA AT X SE B RUATIAL 3 M (A 2 o h SR G AIE T, o i B I SR B R AR 43 26
N 3ANEI: Ko 2 IR IMEIRIR, M%) =R AT 5% 3 AN 1 EZEOR K A
RFEHEAT T I 4.
o PR T HT UG R RIAIR B B RE I HT-F & Argus, JF73 7 WA /1% R SR A
2 GRITHIHT BHGHEANE B L A2, DALY 5518 R 25 Ty TR HL AT T 4.
o SR IFIHT T I G IR 73 A 224 i T s PO Bk R R SR T RE R R T
52 WA T SER AR AT R G BRI K SRR 3 5t 5 3 1R TR TS
THEE ST 20 2R 48 SC B FR AR AN T I (R PRl 28 4 55002 OB S5 T G S IR 70 8 e
REERR. 55 5 IR T Argus P IFFIBITUZ BT 5 6 79918 7 AU ¥ 13 A PR ) i AT W] g
HIRSETT IR, fea, #5 7 FIRARSCHAT T B4

2 HENA
AN TRl A AT SRR AR, IR AT fe « SR il 2t S s, DRI Tt

=1

S ) SEZ S RRATUR 20 BT B4 EL AR B FH 37 5%
2.1 RS HRIE

SEI LS M SRR 2%, I8 W0 Rk 2 A AR AL B 3 U L B PR 518 BN
1, XS HT Py K BRARRREAT T J 7. MIZAR R _E, SRR U B As mT LA 50 DA £
ANZGwAG . PLBTARES  TACEE . DCEGSREG. HARREI . HARRB . HiriaEs, BLRBEER &L
FEALES , R GEE 5 2N 7 B 45 SRR [0l 5 MU FH T S B G Bl .

SRR ERFNEmAD: W) BEIR G b 1 B0 S IO ILAIE, 85 % 18 H.264 241, H.265 (2] 240045 i
P, JE LA BRE 7 ORI 47 AN A AR UL ) P S S A 1] ) B ] A0 2 (] TT AR, A
G ith DIy IS0 RT AE DR 5 DU B2 (4 RT3 T oD IR /. — DT, i s P30 2 X AU AR B AT i 7
Je4i. 53— J5 T, KER G U SOE R T 36 BVL RS I8 S AME SR A ] 0. Her, ANFRE
A5ty a] VL A AR UL B R B (R 7 B AR AR NIZ B R B (motion vector), BRI A 728 22 57 M PR bk
7 (residual).
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PRSTRRRD: F BB AR F IR | Jp e S5 240, ARAE AU G B P DO AT ffef, AT St
LA R, L BRI A SRR S L2 A RO 2, DT G AL AR 0 308 5 2 AR 7 A o )
BODIR. SAOUPRGRED AR B, RS 2N 7R AR YR A 3 R BN ZE 0 S It AT (] B vk 5, e DAHE T
EE AR Ho P A A At

TALER: X SR AR AT H S PR AT e AT PG AR R, A 2 6 2 BAR M AT AR S5 O 2K o, Sk
W A2 PR AT IEAT 25 W AR 48R A, oF BEIRBEAT 250 L 3808 L S0 P8 BSR4 A5 I T Ui 0 i SRV 75 2
PR AT T AL B RS AR P B o P PR S5 s A X 1261,

XA HEER: AT A 5 B AT A B H AR O 88 [X 38, (region of interest, ROI). HHf, 4%
R 38 S AT UL D[R] S B AR Sl SR FH R SRR B 70 s, o 4w MR AT ek 25 7 S UG OR 1S 2R
Aiirb i Ehas B s, TS AL BRI B a8 Sk, War PR AD Sk TR R = 1 3h, 251
& ROT 1281,

EFREM: A RO Hff s i € 2600 1) H A & S AFAE, JFIE I HARAETE brid H AR BAIR/N. 5
LT EPREFEAT AN 0. NS, ARG H Rl 777556 M A HAAR, SIFT, HOG 5 A\ L7 H
R IRFAE, FRIEIT SVM, AdaBoost 574 =145 > S0 A Ik U 0 Bl A v 3h & b 2 5605 H
b 291, VR PE 25 S iR R T SE IR (G B 28 I 45 B ), m] DA 2 31 LAL 48 N T HRFAIE S8 2T RFAE .
HH T X IR E N 4% (region proposal network, RPN) 301 [i] 5 [ % [ )5 (fixed-grid regression) 31 4577
EAT DL BB TN E ARAL B, PR S ) I RE IR G B i 10 S R T ST (82,

BFRIRA: 75 B Ana il ) 5L a5 B S B AR S5 B, 2B dod it N TERFE 2
ST ESR U AT B AR BRHIE, SR TR RRAE ) B AE O A s 2 gk A7 Eoxt, kB W 2 1 H bR i) &
Hr B3 VP Z B BRI AT R AL 5 FR AR T B AR R SE AL fldn, B ERE R G H 2l %
BEHGR B /T2 7 Sy, T SE il A A HE S AN i TG B SCAS

EARIBER: 1E 2 ML AN (8] 528 B[R] — B AR BB, %7570 b B 5 kT H
Frtar i BRI R AT . HbRIBEREE AT DLy i TR IAE B 2 ¢ &R, BT HOG. 114kl 55
N TR, AR FHE A5 R 28 I 285 AR 2% STRFAIRIX = K277 B3l Ak, o S0 5 /e T 1E B
FRASI 0 2 b 1) FH DG e S92 [R5 22 A B AR idb 47 1B i 3],

IR E: B2 MBI g R, JFR B e i s A5 B AT B 298, T e B
PR3 M B G008 8 P e 2 M RAR SR ALK M 2, B Rt & REAS 21 B B AN 40 A SE A (L 045 2.
G, A ] DX 3 g A tH AN NBRZE A ) 5 832 3 0k, ) AN [ % B 1) 22 A28 8 s 1 355 Sk )
b AR TN 45k T R AR A A BT e A 0 A AN S R AR AE A3 BT AR R R vy, R TT R H A
HAREEE, F& 2 X R IGH7)

AR RR AR S5 BT A 55 W] e 2K A [R] ARSI A Bk AT 8 . 9, 308 23 MY SR B oA 55 75 2 Bkt
HAR A, 2R A E bRl i g 8 T gE T S iE Y B 3028 BT 55 AN TR 2 H bR R IIAE, 38 75
BT EG o B e AN B AR IE R RALE. FIR, TR S M SN EOR, vT LAE X F
iR — AN 2 AN BT i B 122 ). 10, YOLO BU, SSD 381 &5 H s il AR Y AN 75 22 [X bk 42
HU, 7T DA B B oK R B HERE 1 H AR AL E AN, Zha 45 B9, Feichtenhofer %5 101 #i Hi (14047
Gy BT AR AL A ] DL B A B A 22 WA, AE RS H H bR B [FI SE Rk B ARIEER. Bk, R IR A
I HTIRAEAAE NI R 73, B — AMEHA — 8 BEAE L bR AR 73 Tt R 8 —— % .

T SRS AW 5 AT P St BV RN N AR R T B LA SR RO R, AT LS Olatunji 55 )
1) TAE.
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Figure 4 Typical edge computing paradigms. (a) Cyber-foraging mode; (b) edge site mode

2.2 BEITELEN

(cloudlet computing) 4§ B, ANy, IX LR H0JE T 1 Gt S vamg, R THS 67038000 U 31 080 A=
FEUR AT I 2830 iy, W 2 B, 8 ORI 2830 S, BEAUEEAL T2kub . T N A SRSy
&, WA EA I ER IR T RERF& IR

RV PR KA SBAEIR &, AT PR IAG T E ARG PR SN m N 3 R R
JEREVISERE IS AR BIRIR I 2 m e g, R A2 TSR RE AT BRI PR AT STt 5 55 2, Tt
JE e BAT RIS TR BE DI I 2= IR G5 A B0 S ML 25 I 55 4% 1) BT A8 1 W 2% T2, [ Iy L4817
HIEBAR RS 105 TIL SRR S5 4 FH 2= MR 55 s 2 ) G ol PR AR I EAT e e, B AR E L W3R AIK, 4
IR AR AL R IR AR 3 R BRI, WG R R Gl LA oy ik - W% 14
G - mii, VAR - 0% - st 3 FhRK. R, [R]— 2R A L IA) AT DAAH LA [ D B SRAT 55
M B 5852 2% 1 22 505 W [ 2 g 0190,

G H A R AR & R B R A BRI IR S5 (cyber-foraging), W1 4(a) Pin: JFHLEL AT %
BB T BT R RN L BAR S, RTS8, 158 — IR TR AR IEE 73
R, ORI, B & TR e — RS h R B S AL BRI 2 AN TAG RS As a5 K
R, —MNLGIRS ST BRI RS 2 AP A RS B2 OIR 55 BE 5 R 3 Zx v S5 P e SR IR
SEIRMARE, H W TG R SEAE AL TN, 2 R8-S MBLE - 0% - mimdeh.

BEE LG EAE T SRR, Ak 4(b) Fras B4t i (edge site) BEAGBHIME: /£T)
o A S ] AR S AL S SR S5 SRR, 7 x 24 /NI AR E U KB B REAT RS
FfEA B8t T 10 G IR 55 38 510G SR AL B AR, 2% S AR o fal o, 3 [B) W] LARRFEFR E 1) v iy 5 A
IRAEIRIEAE . LSl AN 2RSS, sRiH IR SS RIS E I8 AT M 20 = A5 1 e, 8 W T 2297
. Tk rasigst, JF B2 RAAE — =i AN 2 B8 1) [F) 84

AR BN, R A TR, SRR T AR B LB 0 SR B, 3 EL7E
IIMTRE R < S B 43R L B A5 2 07 AT AL, DXORAE T 3 T O N2 TR 3 AN ], BT 48
B KRR S BN R B B0, oI 55 1 s 1Y 95 I ST 55 AT RE 75 2E4E 20 ms A% [ml
S5 1Sk R FIsAT b RS R AT BE R LAEEZ 10 s BT AEIR (3],
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2.3 NAFS

2.2 NP, IS SRR SR AT LUK B i U 55 AL Sl sl IS, AE A 25 ST AL
BT AR Z N S ey, G 0m IS . AT AR Bl . T MR, B 272 Bl <A 55 M T AR
SR T g2 s . B R L S M I D B 2 SR [ 0 3A SRk A TR, FATR L
AN ST N 7 ST T A

2.3.1 RPFEIE

B BE 2217 M 7 A S LA A S B A ) I R I e . YRGS, e ERVE N ke T L
AN REFEBRAR Y. R RE % B M KR A ] S Sk L 2%, SERFAIAREAT 0 1B ERRAR N R,
MTAES 22 $eogz ax Bt w R R R THRIDRE 22 AN [R] 3t ) M 42 S5 A8 SR IR IR, I mT AR B R
TEHORD P98 A7 HARTEAL,; £ 122504 % (AMBER alert) R4t F AR SL N4 401 ) LIPS A0 T
B ER, JFSER) ISR X2 EERE R N R AT AR AR AR T AL R,

FIHIA G5, W] DA B BESR AR Sk A 358 Sk I X MU AT S T 7 BT, D A% i 28 o ke 2 I
S A Bl B0 1, SR T — A DX A (RIS A REBRAS Sk B BONME 35 Rk B Zhang 45 M4 4R T
Vigil, 75 285 5 EdEAT 2 A5 Sk IR AR AL AU 2 A0 W 48 AL, A ARG 1 5, B LE L
P EARBR 2 5 5 B 200 £ M4 X, R4S Hu 55 U95) g sag, (CBUR AR B A0 RS fiE £2
BURAE I 2R 55 & b, LLAR S5 S AR PR AEEAT NG ULHE, W AT LA 90% [IMIZ84 52, I 1K
AUBE NG R B 3. Zhang &5 161 NI B0 2 A A G802 WMEEAT SE R a7, I/ 1 %
B R,

2.3.2 NBESF

A TR A B A BRI ORI T s ) S ) e 3, o A8 e A VLR AT SRR A, T DA B A ST 14T
W R, SRR EE R ). RN, e o) A8 e AT I, R DA R B S B R AT, ek
OB 2. 522 Py 428, 2238 2 RIAERI A 1 K & ] e 355 Sk AH B I 2% 13047 40 A, 2RI 7 B
Pkl 2 H bR A5 Rk IB B SE HOR.

Ananthanarayanan %5 14 7532 [E 1) Bellevue 2837 1128 LERE T 1AL LA 20 4T, %F i@
ik B 1R R AR AN 7 1) 2R AT vk, AT e s IS AE 5T BN, S WA i iR B AR AL,
AT M RGETT CA B — AN A SR 55 25 34T IR 55, IF HARKF 95% LA B p e 22, b 1
o5 AR A, 52 ML, Barthélemy 25 W71 £ELKF)IE K Liverpool TH#EE T 3 Tl it5
(RIS Z BB MT R G, T8 ST, MATH 15 4 Jetson TX2 FF AR Bl 2 Mk 55 2%,
REWs [E I AR S5 20 BEARAIIA, JF HiZM 20 WifEF> (frame per second, fps) MJAbIEIH FE BT B A% L &
B ERRIHT. Kar 5 181 ) 55 REERA%, FIFTEVRZE R/ BSTF RAR (Jetson TX1) F3g4T 1 4R
AT ZEAC FAIAT L 007, SRR A 8@ AR AT T 7 BTV R E i A . Qiu 45 B9 42T
Kestrel, 1E 2 Ui 73 BT[] 78 TRA% S 4 51T 0 4% [R] B 3B IR 2 AN AR B A2, 0K T BE R AR I 25 10 25 vt 1)
BREFHL, HFHIEERI AT 2 B ARk, A OOHFED B TEAIRE R MG 0L T, St Bk
TERRERAZ TR IRIRS BE AN 65% $-THE] T 97.7%.

1) The top 10 most surveilled cities in the world. 2020. https://www.usnews.com/news/cities/articles/2020-08-14/the-
top-10-most-surveilled-cities-in-the-world.



Pt T 17 SN AU 7 BT B IA i SRR

Tracking <t > Mapping
A N
Recognition
Video source » Rendering

5 IEBRISN ARSI ITRIZE, EPISURFERMB L RAEARMIZE L
Figure 5 Video analytics pipeline for AR applications, where the video source and rendering parts must be on the end
devices

2.3.3 HEIRIPSC

ORI SL (augmented reality, AR) LIRS IISE RS, ST XA B, 72/ P8 Ly
PEMLEME, BERME RS R R R G iR AL, S T L Bt AT A B A
PSR R G0 75 EERe U HERA RN R B B AR B, ¥ 2 B RAS I A S Seqg 3 B R i, i iR A
Fric A Bl AT N SR EEIR 2 2 0 GG B I 0, B 78 A B InERBE RS A4 e 2%, 18 5 s DL 3
RIS MRS N . RS B B AR AT IR B 5B R, IR B RS B A = 4 A
ANE T2 BRI 2 AT IR R, 38 R LS 5 A B A DR ARl F 5 SR 5 1 ol — RV e B R A o, I
T R N SRR ATAT 4 12 () 225K . DRT Ik, 364 S B S AU 7 A P 45 SR SIS M S SR B vy, 1886 75 2 4E 30 ms
HZ 20 ms LA RE S5

1 G T AR ARSI Y 1 2R A7 AL B () e, o] DA 8 R AR AT 23 BT B S 3R, (BTSSR 75 5 H A 4
A% Bh A BEAR BISER . OverLay 50 148 i I S 2 A 1 G T L AN R AT 25 B0 230 R 45 %, SRBL T
A 180 ms M N ZEIR F (8] BRI SR I S S0 B . Al-Shuwaili 25 PU % e 2 N S/ER RISz 5, @
T A A 1) 0T B AN FH P B A 20 TR, AT 7 4 5 S AR TR B HT 2 R 9 R B 2% B B = T 4.
Ran %5 52 [1) DeepDecision FIJ FIH A il BEA A 73 b A B RO, oK At fo FE RS Y A B0 P2 AL AT
JE46%. EAAR B 5T s b R K SR 0 20 AT R 40 Glimpse P3)) 75 H LA F 25 58T WSS S 1 i
8], FERIAHRAKLIFATHEARA ROT i H AR dE— 5 FRARLEIR,, K A0 R0 3 B2 M 30 fps $&FH2I T
60 fps.

2.3.4 FTANIERK

NELE R TEANLAT LU (S R bt 88 1 B b AT 2K SO L A NS4 55, T BAAE R it
TR R, BAESEET . RIENBSIER . T ANUTERE S @ K2 AT AN SR, £
— Fr G A HEAT B AR RS R G, R T N AR SR AR R M E S, B 6
BRI AMUDTER A T R G0 WAHEZ. AR T PR LR sh b, T ANLER 134T ML 73
B, 3 T EARYE T2 B A B SR R L AT R AR, T HL AT R R SO e R S AT

T TN ROE ¥ £ B SN R AR 3 AT, FAN 2 b 8 A5 o B 52 3™ B PR |, AT
BT )30 Gt SR 55 25 Be AN TE AN LHEAT 2 € R385 . Merino 45 541 $2 HHET-J0 AMUEERE 1L K T 2
gt FEA TN BHAEIF B Fr, IR 55 a A TR L ZR S AN BT 28, JF T2 75 m
REACZE k. ARATIEAE B S S TR K AT 20 W RUR . Motlagh 45 1551 i HIJE AMLEEAT N i H
FRARG. A BT BT AWUEBRREAT 204, R IRAE 55 70 i 2k i 55 X3 25 AR 55 45 T LAJRRZD 100 15 1)
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A
Y

RERITHIMALBLAEIR . Kalatzis 55 P61 2T IE AN — 0% — i R BEAT (i KR, FEA LA 5332
FEA PR A BRI RR 1) N R B R I A SE IR . SR B 25 i 45 5 A U S8 RT AE A 58« W BN )L
= A A B 1)

2.3.5 FAIEFEIAZNFHEN

VF 2 NG AN FIFE B A peets, Lo N4 IRk, B0 52 s Al o F 10, 4l ki /R
DRHE BRI AN A (8 2. T 5 SIA RN B (wearable cognitive assistance, WCA), B fEiH L 2R
S5 AT o WA, RIS 2 — AFRHE A AR AT 20 B, AT B8 28 18 H 8 AR s A RN AT 9 kAT 4 B
i, FBh RGP DAESG S EA NG TG & R A Som N4, FE IR SO e R4 B e, e Aar I 348
TR A B AR B LR G D B R R, e R AR L RO A L SR A S5 AT
AN K5 NHAEH, IGFREE 1 s DL IREIR.

T AT 5 SRS ORI R, T SR AR RS, T HOX SR Al I A N B R,
T ELIE I I AR S A T B AT 2 S 45 SE U AT . He %5 71 2 Gabriel R4, (M0 E4. R =M
595 ARG B MRS 3 Mzttt 7 WCA ARSI Tk, v 1R AT e 5 & D& A 43 4
R, Gabriel $5AN A IO\ BIAT 5540 il 3 B B R AOMLrh, TR A B 1145/ = k554 b, Zhao
45 58] i vy 2 A A B R G B BhE S T B SO IR RRBES B AT SR, R\ ARy s F AL
g AL F AT IRAE. SLIR Y], WAL S5 0B = IR 55 A T AR L IR 55 4%, 18 B4R 4 18R
AT e 2 (A8 & R AE R Wang 25 59 X Gabriel BHTH &, R —MAUZRS 23S 2 AN N4 Bh
B IITE DL, A TAR4E F P 3L IR &5 i & (quality of service, QoS) BRZL, 17 CPU AT BRI 7
e, f 2 Re AN SCRE 25 M

3 BirSHkE

AR AR 0 A R B B EHR R REAT A4, IF 0T 1B B SE BB 7 A 1R I 25 15
ARGt ZEAF I = KPRk



Pt T 17 SN AU 7 BT B IA i SRR

3.1 k#EFR

PATTRS KB 1 L S A3 BT R G SO () S AR AR AT — — U0

HEIR: HRR Ay )i INFAE | 0 SN A], Fi ARSI RS | B AR . B B i 24 3Rk15 7 i 4
SRR ). 0T 7 BEAE AT J 7 7 A 45 SR R L, it 281 g ) S 30 B, 956 45 SR A% [RT A DA % A b e 25
AR, A5 — AT 45 S0 FHMCR o JR3Er SR 2 Fa bRt ZE IR A H PR ], e K HE S PR A1) gl 2 ot 420 %5 451
USRI SAE 55 75 B 60 fps MR AAT N T 20 ms DA AR 1) A 3R . Sy 381 o P 42E 52 SIAL AT 49 H
MRV 2 RS2, A FEEIR AL AEIR | W28 (L4 77 . WAt B R R SHONESE. R T 5%
BRI AAT 3 AT R R IR ) 38 70 R G0 ITE AT 55 IR 3 AT B SR 38 sh 1, ACREIR ) 99 B 47
fr 5K A,

SHTERRE: S TR S B OCERETR bR, & 1 AU o A S RS A R RO v A B2 . DRI, X
AN B IR S AT 25 A AT 06 LA [B] BRI AR FE H R AR X T B8 3 A0 B AR TR, HERf 2 — RECHE T Tl 285
R L AR R R . X IR AR IS I L, 182 FHBRSE (precision)s A B2 (recall) il F1 4344
XF HAMEMATE S, B FEMRIEESL (intersection over union, I0U) I BRI{E I Wi &5 N HERE I 2
MR, B CARETESRAER AL . FE L. mAP (mean average precision) S PPN FEAR. T SL41 43 1A H A5 5
AR R O AT 55 10 2 IRAE R A FE B 2500 TOU SAMBEAE N PRI R AR, [ T 52 BT AN B (1) 5
I3 BT HERR LR ATIE AT B TR D0, QS o B 45 5 I T RN TR A % AT B LA SR 5 M mT
ARMTAN TR R GR, BRAER 23 b E %6

TR TR RN ZEARSS 3% LGRS 2R 2= R 55 2 2 1AV R AV AR S I B s B K/, BT 7%
BN BT 258 (E 1 R G, 8E T 08 O AT LA R RGN RS S as AT AR, T L X 28 IR O T I 3 3 Y
Al e, TERLA B A S 11 [ 58 iy 58 I 28 s S I, BRSPS (1 7 B8 E A K/ N E T RS RRNY R
e /7.

B E: e TR TR T, S SER A AT 2 48 e (R I R 55 () 2% B0 R AL 8] R, R —
ARG RE I A 3 A iE SR AL B EARR T RGEREIR 55 AU T 5 S5 U8 IR FH AR i &
FRK, A RGULE AL N RERS IR 55 5 R IR, X — R bR EE A2 B Pt R 2R L SR SR R BR )
N5 RGW TR ARSI vH R AT 58 BT URAH OC.

BEFE: TRILGAIN I BT RGTH BN BLH, 78 507 B [ B IR 0 BT AT 55 N THAE R e B, BEFETE AR
XTFAL To AWLEESE T Fith ()R 3 2 1 £ B 28 X H 2 252 BT RN AL B A8 AT R0 8 2% ) )
IS RIS, AN & CPU, GPU S5/ R AbFE 38 1 45 FF A 5.

AESA: Bt ENE RS B HPNAA RN, TR B AEE B T RS B
e B4, 78S NAES T INE. — 5T, Bah 2 & B A G BRI A AR, R T IE
FE2E IR RN, S5 —T7 1, 1%k ) = k55 28 75 2R 55 2 AR, AL A o FH AR 23 5 HL IR 25 JUASE.
AT 7 FH 2 BRI SRR e A5 28 P S 5O /N DL S s & b ) B2 23 T 7 =0 6.

3.2 FEHK

BTG R R SERAUR A BAA T2 N 5, 6 B IS FE AR R & AV [, I HL 235l
BATTEW % — 0%k — G IR 28R b BRI, Bt A ) B P F) 320 25 S IRATUIL 73 BT 2%
4%, W H R BOR T BEE VB B ) — LS 3L R 8L 5130, Kar 55 U8 BT RGN TA
R BN Gabriel 4% B7) HIA ] 1B 4 BORAE 2 v g L sE IR AU I R 4t Vigil 44 A
Al-Shuwaili 55 01 FOHESRIL S R GEHORI ] T 10 28025 8] A monf Al A5 LAk R ST L.

10



FEEBE EERE H52E B 1M

Device level Collaboration level Edge/cloud level

| |
| Cloud | [§4.3.1 Query optimization ]l
| I |
|

4.1.2 Model selection } | i
[§ | M D [§4.2.2 Streaming protocol : : ‘ : :[§443.2 Inference acceleration ]:
[§4.1.3 Local caching }: G | | —_— |
| I?. §4.2.3 Privacy protection I : :
- |

E | :[§4.3.3 Edge caching ]I
_____ S et —

]

(
[§4.l.l Model compression} - _
|  End devices [§4'2'1 Task offloading ] : I Edge servers

7 KERABRXRTEE

Figure 7 Taxonomy of key technologies

AV AL G L ST M RS, BT B vk LS = Kk

B AR S 2 T ST B SR RV B B P 1) B A BR 1 28ty 182 % b VRN AT 1 £ 0y 152
ARG G BRI E AR R, 1 HAS R & (R SR & AR ). 9, #8548 Jetson TX2 )
BRER ] LAZ IR RERD 1 M B AT ORI LI ARG I P 45, T <7 e P M A A% Sk B N A7 T
IRATCIE NN E I B 2 X 28 BTSSR, 280 150 & ] T B MR R S 0T, 7RG ZE 3R PG 3 b A A9 T
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PR BEIRATEC. MRS ds AR J1im KT 2o 4, (HR WY R, 1 MR 28 It i 5
RE I THI Wi /51 B I8 57 AR TR, R 40 7 SR FE AT PR ) U1 B 68 ) TR R 45 R i 22 1D oR A

4 KEHEAR
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Table 1 Related work of key technologies

Technology level Key technology Sub technology Refs.
Pruning and quantization [3,60~64]
Model compression Matrix decomposition [65~68]
Architecture redesign [69~72]
Model selection - (65,71, 73~76]

Device level

Local caching

Result caching

(8,39,53,66, 77~82]

Intermediate value caching [68,83,84]

Change-based filtering [53,85~87]

Frame filtering Analytics-based filtering [59,88~91]
Multi-camera filtering [16,44,92,93]

Collaboration level

Task offloading

Vertical offloading

Horizontal offloading

[17,52,88,94~111]
[63,112~119)

Streaming protocol

Video streaming

[8,44,77,120~126]

Feature map streaming [127~131]
Target denaturing [132~136]

Privacy protection
Global transformation [137~139]

Query optimization

[15,17,140~143]

Batch processing [144~152]

Edge/cloud level Inference acceleration
Model merging [153~155]
Edge caching - [156~161]

GFE BB I R EROR, WEAE R ZORIL A5 e BEAE AR |2 AT AR S5 E E. i He b a8 3% 4%
Uity FRIATE 45 5 B ) 48 3t ¥ % J2 H ACKELINS 43 A1 AR AT PR P04 A UL SN 38 38000 5 R s i PO 55 0 5 2 0
W04 ) 7 R4 JE AR B BRI RCR . A SO BB AN R R R BOR B 2 AR R AT Ja 45
R At B 5k S A A AT 43 AT Ak AR A 9 ik 5%

1 13,8,16~17,39,44,52,53,59~161] 35t A [H] 2 YR SRR 5 AH ¢ TAEHET TIL A
4.1 BRIHEEENX

I E S TR RS . AR R . AHBZEAT, DL AR AT e SRR
4.1.1 HREHE

FE TR E S S I EHU ARG T EE FCR SR, BRI &, H )
THE RN AE SR B R B, ME LR & ik 4% FisdT. BABRE R AR B — R TB, R E/DHE
B UERfR B RS L T D MRS ) KN, PR S B AT S 2, (2 REndR 8% & Hiagdr. —J5 1,
FEAR IS5 mT LA IR N A & B 55— T, SR 2% P 0t/ i o A B 5 A $ T RN A
VRIS, DL RRR R TR e e R4 S BT A AR Sl . o o e AR AR o A4 25

B FNElL. MR BTHE DA R TR S BB N ARG AL, T B AR T
WA, BIRBTRGE T B 3 NP B 1 3, NG — I WIRII A ML, 25 2 3, fiiEMeh 2
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A HEENE, EBRIURNSEG 28 3 2, BE ZRISECN 0, MO FRIR S48, GRS R, R
BB A XA B BT A H 78, KRR 2R bR W FE AT A 0, SR BB EAT ISR, B anHs 32 7 iIXL
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87.5% WIS H &, AL 3 £l 5 f5 IV RO AL, I HAORSF 7 R0 S5 1A AH R (RS 2. A AT ek AR
DeepCompression (61 454 TR BT R . #8 B4 A Huffman Zi5, K AlexNet 1 VGGNet 2 %&=
BB RAAF] 3.05% 1 2.55%. Yang %% (621 45 H B4l 1) S50k D A REARR TS REFE I FRAIC, TRt
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FE. MeDNN 1631 g HH it BL 11 09 265 BY Az 2 (5 A PR RIS P A7 U 1) R B0, 11 35 B R 48 5 R IR0 /N T
HEM, B2 R S48 5 r B B . R 0L, A TR 3247832 5120 Lasso (group Lasso) XJ 145
WA 2% 451 2K PR BOIEAT IE AL, 5645 BT R S BOE AT B0 BAT M R S50 H. 107 VR BES B s 3L
i AF A AR Y FE I B A P SRV I2 B, #E Nexus 5 FHLE AT L34 26.5% (1) DNN HEHUHFE,
N 65.9% S EALEFES. AT R 77 N TRHEEAT 85k, AMC 64 5@ 5 58 4k 2% =) 5Hg,
BEESE— Z 0 EAE R, A8 — 2RI S 8N E RN AT B AL, JF R A 55058 5 PR ) 0023 1
JE IR 3G sl s ST 2 il i AL, AMC ££ DeepCompression 4 (f56Rl EFHRD 1 75% AIEFE R
IEHEH, I HAE ImageNet H4H4E 1620 FAG3I 1w 2.7% MIAERA L.

FERESRR. PR ME R RE TR, BRI R, FE I SR R VAT (). SRR R S
B PR G BUAZ 1% I8 77 A5 0 ff (singular value decomposition, SVD)+ QR 43 ila% 77 k47 0 ik, S8
JE R B BOYICRRIE L. B0, ¥ M x M RANISHEGERE W AR SVD T Warxar = Unixck Viex u
AT LU S HO NN M2 S NB 20 E, K3t SN M3 /B 202k, St BIEE A BA I
SRAR 22 P24 T E B BT AN, DR A bE T R S FOR I SR AT S AR R B A, TR 0 A )
48 77925 58 R P AE AR R S R4 TR 3 557 .

DeepX (691 $& W T2 AT I IR AR H A, fERIAYHER () 72 40 A% 32 2 I S 8UERE AT SVD IRRE
Brife. Ny 1 8GR MR FE A 2%, DeepX FJ H IR 46 2 0 FEAIICRR 70 il 11 L2 B iR iR 22 KA 1Hix —
JE RS P 2% 1) TR AR REFE, I 74 BR ) S (1) B KR Z2 AL A1, DeepX I — AN FEAH 45 10X 25 72
AHFEAT 40, 25 FEHE AN 40 BB B % 1) CPU/GPU/DSP/LPC Sl A 3 & = ids 47, fE3EAT
BRI IS, DeepX A IS0 0BLIE N BRL 1) 73 7 AN S 4R L AT 48 2, INTTAERERE 3847 I [) Al
T UER B2 2 ) EAT AT, DeepX REAE Tegra K1 H R F4F 500 ms 58— ROK TR AL HERE H H.
LT EEBITA T 7.12~26.7 511 . DeepEye 6] H 4 DeepX FFIE 42 4 1 H v H F
A RO A BIAE S5, TR SR GA E TR = 1 70 0 R, I AR RIS 4T M8/ BEFE. DeepX
J5 82 TAE SparseSep [07) JEFFiBigmtD (sparse coding) FiA, it Jo ME 7 8 5 > 1 77 itk — D K 48
SRR, A MG B0 o 3Ry P o) 4 T 4 R HEAT Il AE4 Kk 5% HERAZE B ATHR T, SparseSep #H
EE T DeepX REf8 271540 50% MANAF G, fEBAT LA AEFE A — @i, AT DeepX & T1E
Bl X 45 iERE 2% DeepMon [08] &5 5 A1 E BEAT IR 46 FUINTE, A Tucker-2 535k H LG FZ 1 VY 4
SRE T ARAL 3 AN/INGKE, JF HORA T PA BT mi B, AT D Sfeik iz S

RIS, A TR BB e 2 I 2% I AR L S5 8 D9 7% 20 508 8 i B B R, k)N SR A e
MR ZHER E S AP, 40, MobileNet 69 B AR 4 F IR FE AT 43 BB A 24X, ShuffleNet 79 R
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FEANBORN 25 K25 58 ] B () 28 M R HE 1 171 MinasNet (72 B & HEARE RS & LB IT#HER S
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4.1.2 FEBLEF
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[P HEIR T .

IeAh, TERSI T R G, BEALE R EFIE 4% S R4 H AR 455 . 9140, DeepX (65
FEARFEFE 48 2O R 5 v] LAE 1R S8 R Y R 4 A3 BN [RIRERY, SR 5 #E4T 08, AdaDeep (™) 7E ML JEA
R, GREHEIE T S HOTBNEAE . HE S AR Gk B X 3 AN RS 10 e A SR
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FEEOR, FEAIE PR RN AL, 78 12 MR 5 MU FRSEIR L], AdaDeep AEFZAL
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Fe— I B e 5T RGO AR, 18 2 AR J LA 2R, i, FE IR
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FERER 35O AT LR AT 708 R 45 2R, PR RS EiE.
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Figure 10 (Color online) An example of cache erosion at the convolution layer
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Table 2 Summary and comparison of selected studies of device level technologies

Ref.  Application Key method(s) Pros. Cons.
. . . . e Reduce model size e Handcrafted Lasso regular-
[63] Classification  Structured sparsity pruning .
e Accelerate memory access izer
SVD layer compression; DNN e Only support CNN
[65] General . e Save energy cost .
architecture decomposition e Poor resource estimator
DNN layer execution
[66] WCA heduler; local cachi * Save energy cost Low inf f
scheduler; local cachin . e Low inference frequenc
N & e Accelerate DNN inference q Y
scheme
Cascaded KNN-based model e Low-level vision features e Ignore model switching
[73] Classification
selection e Accelerate DNN inference overhead
. Multi-branch DNN kernel o Consider available resource .
[74] Detection . e Bad GPU utilization
scheduling e Improve accuracy & speed
DRL-based model e Tradeoff on latency, energy,
[75] G 1
enera -
compression memory, and accuracy
Cross DNN feature map Novel Iti
° ove multi-program
76 AR sharing; approximate model prog e Only one time profilin
g; app . . y p g
heduli streaming DNN scenario
scheduling
e Tradeoff on resource & ac-
curac, e Computation overhead for
[71] General Multi-capacity DNN model Yy o P
e Low model switching over- model generation
head
Conti e Reduce computation over-
ontinuous
[53] i “Detect & track” paradigm head e Not fast enough for AR
recogition e Hide response delay
8] AR Motion vector-based tracking e 60 fps fast local tracking e More accuracy loss
Reuse DNN across similar .
e Save energ computation —
[82] AR . S v & tat
images
e Allow large DNN execution
Feature map caching between bil & e Run DNN at 1~2 fps only
on mobile
assification rames; convolution . e Reuse blocks at same posi-
68 Classificati f ; luti R blocks at i
e Block granularity feature .
decomposition tion
map reuse
Dynamic block matching & . .
e Higher cache hit rate for
(84] General feature map reuse between -
" feature map reuse
rames
erver driven on camera frame e Filter > o frames wi e Only use low-level vision
186] S a1 S dri f Fil 50% f ith Only low-level visi
urveillance
filtering little accuracy loss features
Pixel-based & random .
[90] AR . e Save energy & bandwidth -
forest-based frame filtering
159] WCA Offloading decision based on e Application-aware  work- e Cannot resist malicious
human-computer interaction load adaptation users
. . e Save bandwidth "
. Frame & feed selection with . . e Only support traditional
[44] Surveillance . e Solid system implementa- ]
overlapping cameras . CV algorithms
tion
e Reduce computation over- I twork bandwidth
e Ignore network bandwi
. Cross camera spatio-temporal  head & .
[92] Surveillance . . e Assume  non-overlapping
frame filtering e Capture camera correlation
. cameras
automatically
. Steerable camera view . e Cannot support real-time
[16] Surveillance e Multi-tenancy support

virtualization

applications

19



Pt T 17 SN AU 7 BT B IA i SRR

BRIg AT I R G0 98 T BEAE S PP OCEEFR AR AL AL AN AR B AT AU, MR RIGEFE IR T R G R I, AT
W15 I i B 2% IR R AR B A AR M AR IR 5« RO iAo B 548 TR 2 . W LLE
B, AR e 45 AN BRGNS R B, [RURE R DA R ZE A 3 A 2 A0 ) e Ath e P AT 45 A g AR A et
VAN AR b 27 A7 M) B T AT 1 TU AR AR AT T BT X A AL

FLARAE, R R AE BRI 1R 2 S B M T AR M, B B BT R L RS T, BRARAREAY
SHCECR R 2R ORI A Tk, L2 B (102 FRARASE RS0 Py A7 SRR I b7 a4 AR Sk sl
S B RETFALAR RS P A R0 N A7 DN RIS AT VR B 2% S AR . ARG, A28 e 43 5 2 A Ui B 25
AR HAT VAN P77 A1 343, RS BLE AT S PSR A AN B B I8 I A5 WA B A | i A B Il
VS5 7 AT NG, A AR S AR Y s 45t X DAE 578 24 ity 15 4 R AT S R 2 A AR R R 5
BATR AR H AR AR, S5 0] DA BEAS R /N RSB i3 DI AR 4 15 46 B2 USRI B 8 e Fil) iz i Bk ik
B IE MR EAT S b, FLARBATE T 7T DATE R AR B 11 0L R IR 15 % RERE R 70 BT 4EIR ;. 25 3AE
T T BAE IR BRI 2 B & B A7 2 ML IR T U, H 2 BRI 2RI TH TS 50K, AN HBZZ AT
BT T RT3 A7 AT 55 (T Bsf () Jeg s 1 e, 2 S R A 20 A & SR B 20 ) 45 1, T T ) —
VA RIS BT 2. %050 e FE A T R s I s g 55, BERBAE A B BT 23 i o 7 N ARk
A, XREEZ ALY P RGBETTE. HEBIET RIS, Rl M a M 2 1) e 17
SERSTREK N AR R, R & MR — R, MU S AR T WAL N 28 PRI 23 TR
FEME, TR B A AN K BIRAT. AG 250 I8 e 05 R MR AT 3 A 2R B8 T — B N 2, BT
S FE BRAN R, AT DA A0 b R A i ) TAL BB B, & T SRR 3 5

BT R BRI RS E RS2 b, A 1 AR AR R e L B A LB T oK 1 A,
%0 FPGA, ASIC, NPU %§. SRT, HI-TBOARTIESE ML, (X 2oL AR H AR e 3 F St L
RS S F o DRI AS SORAERE— 25 A SRR 52 1T A% Deng %5 193] (2554,

4.2 tMEBX
PMEE RIS TATRSSE . PR A BEFAR R S5 R R .

4.2.1 {ESEIE

PRI AT AR F IR ] 3 R &AM S AT U o0 RVEN 2R, 2 2 T3 G h B 1) Sy A 73 A v o L
ik aEYE . B, Glimpse P31 &R VER I Rl IbE £2 B8 B A& S0 = i A o i,
A2 BURY P ] s KU 55 P &, AR, ] e AT 45 B0 07 SIS —  BeBUAS B i BRI 73 B 52k —
T, ¥ B AR EAR S AL g TH R RE ) R B R R AT, BERT DA THERL R IS TR T A, SOR] BAgE
e o AT HERR BE; o — D7 T, AE BAR AT S5 AR Bl 45 Sk B2 (35 AR, SO T BRI e 24 1R i 21 g
I IS T, T (B2 e o A R . R, RGUEHE REXEIR L v TR, DL R BT AR
LA, T ARE AT R WY 2 i TR BN, 55T B R LT AT 55 T 3 25 i A WR — R AR e
BEAh, TR A ST BT AR AE AR 0 BT AR 25 vh 5 8 T e 2 BTSSR, VR 2 TARAEREAT B AR
RO B LA b BB P& T ORI 2 X 2 AT RS AR FEE 1 AN ED 2. FRATD0 e rp g AR A 1) 77
V2, Fi HRN [ E AN [ S0 25 7 0l AT 1 18

IR, VF 2 TAEE AR S YN E B B T 5 RE DB R ol () o B #% « 10419 M =3, £
RS BB IR A AT B T, AT ARSI 43 A Y0 52 A0 s 81 o 3.

For KR 7 TARN B JBAAAE — N A L) 2RSS S A OL. Wil 11 Frs, S84 DeepDecision 2]
HRAE P 28 0K It h A5 P 58 TE AR HIZ 4T 48 1) 5 ARAS I ASE FR 0 2 S 4% 1) 29, DeepDecision B Sl it & 2%

20



HEB FERE B52E 1

End device Cloud server
Offli Battery?
me —» Latency?
characterization Accuracy?
Complex

y

Online

decision

Output

Lightweight CNN

o

11 (MKERFE) DeepDecision BIESEIFHESLS

Figure 11 (Color online) Task offloading framework of DeepDecision
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Figure 12 (Color online) Vertical model partition
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Figure 13 (Color online) Model early-exit mechanism (with 5 exit points)
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Figure 14 (Color online) Part of Inception v4 network RFE
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O3 AT S ST ARFRARAT T B R — 384, IR IR T s RS . i BSEH, Long 2542 H
3 SR ) RV LU AS o RN BE AL 20 S R 0 B A V20 Sl 3 v 7 19% A 3% FOHERR)E. Jiang 45 110 4
HH AT LA IR ATR 8 B A5 R 25 FE N 2 WA IOV S E, B 7 S A Sk IRV v 5800 5y SR 11 % U
FIFZE R SEE . MR e . PR NG —%5 25 4. Distream M6 £5%5W1E 15 FoR i
BT 1 I B E A T AT 55, RIS 25 18 T 4045 Sk (R S B B A B8 A5 Sk 5 1 4 R 55 25 AT 55 R
g5, TEI 2 B IE B ELR AT I N R AT e KA R E. Distream KH T Jo/E R AF ki

24



HEB FERE B52E 1

Worker nodeo0 Vzor_ke_r rloge_O _______
[T T 1 : 1
Group owner 1 Group owner 1
’ cemmy [ . b | GEMM, .
____________ =i S Wooooocomeeeed
Worker node 1 Reduce Map Worker node 1 Reduce
T TS — s — e ittt
. Shared feature map |
Input image ! GEM [
P g GEM | : —M> |
|
| | |

16 (MEIEFE) MeDNN/MoDNN #FMapReduce 53R DNN Z{TiRiE
Figure 16 (Color online) MapReduce-based distributed DNN inference pipeline for MeDNN/MoDNN
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AR S BT BRI SR B AR 6 MR REERAG R AN — N SRk S5 ds B RISRER K W], Distream 27
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BEAT T3 5081, AT ED BT AT 5% 0T 2R R, MoDNN 42 H8 SVD FlH4%47 SR LT 77
i, Wb ZHAL R IBE I, £ 2~4 A Android FHLIISLE I, MoDNN X #hZ2 [ 2% (1 1+ B T
2.17~4.28 FEIIINIE. /£ MoDNN HI S A, MeDNN (03] $ 1 9 4% — 4 438 5095:, MR RN 4
HITHSRLRE AT B A B . Al AT )i I 3 g 75 AU A B AN FERE R B R o), JREE S T8 411 /)
TR RIS A BT B PR S BOR A& 1151, DeepThings M8 14 MoDNN/MeDNN 3% 73 A 5K
JE & I BITNEIBAT R BUR, 1R824 15 I v 8% 45 R il FFAT R g s (5 01 4.
I, DeepThings #& & 31771, Kepp LM 2 v i i = B P B R BEHT & IF 0 %1 Bk, I
T SR f 2 H BRFAE 2 F O 22 B, ARG ST HURFAE BN A R i A B B ) D e BAN [R] B %
EPAT B, JF H Al RO A S, BT DO R AR N X I 2 JE IR T %
WK, BN - R BN X I #5> B, DeepThings 18T AT55 W R, fERVINUIAE I
B s (A L B 0 TH LS5 . DeepThings #HEL T MoDNN 271 7 80% HI&:&, /) 1 41% 1Y
SPIIAEIR. Zhou %5 119 ¥4 DeepThings & 0 & 7L IATY I, SIS R IE S G E ST
Sy AR ZE G B EEAE AT SR ITAY, 18I R T 3h A PR 8 R SRR B R R 0 5 IR B H O 3 R AL E
IR/ RS 0 B3 S IR, SR ZAAE 8 NI R ) SIS RIS 1 3.7 £ .

4.2.2 ML

55 E R T 2 R T 3 S S5 AR AN R B AN [ Z R T AT 3B, T P 4 ip i3 1 1
FEAT 55 H B A BT [F) e 4% 18] A3 5 AT PME R . AR T4 St I AL o 2 AT RO AL ) 1 56

25



Pt T 17 SN AU 7 BT B IA i SRR

AT B i R b R A 4 S B SR 2 I A A HERA 2, ELAR R N A T A R FERAIAR. i %o 2 L
T7a AN A . IR AE R B S HEAT IR, 48 DAL BEAE I B M 52 PR A1) ) I 238 A 58 T e R AR 73
BTRCR. BEAN, F 2 TAESRH M BT LS 5 4.1.4 /NI AR 8T IR A LA &, i — D BRI
Ty 3.

SEXTBTR. V2 TAET FEIC AT SRR A% i 23 25 i 55 2 SR 5 BEAT 0 B OIS O, K B
o RATE P 25 R ATE 43 BT e 1 B T R 28 ML, 5 20 A .

FCrbfl 43 AR 2 R B U T B AR A AR S B IR 55 4% . AW Stream 120) 5457 DASH [168)
S5 H G B O AR ) JOR S i D) B AR, SR BT — NI B 2 i ot B2 LA LN I 2% 75 5
B, R HTHERIE. B 5%, AWStream I B2/ A AIFE LA A BE 10 705, 45 AN IR it
EUARF 2R S5 AN Gt 15 25 50T 5 2 AR 3 B v 2, 4R B L BT Pareto IAILHIZEES. AR5, RSt
AR 4 A% 5 A A BN 2R 4 e 5 10 Kb B B 3R 4545 JEL SR i T 2 T P 4 5 0, DA #9851 O AR A0
SR, SR R N oRAR A AT . ARG SR I SE L AT ARSI AEAE S5, AWStream AHEL T TCP
MATAEFBRAR T 97.5%~99% HIZEIR, #HELT UDP LRI T 45%~88% K HTHERISE, AHELT
B N TR 38 IR EE 8T RS0 JetStream 12U Jd> T 93.3%~95% MIRER, HIEMT 1%~5%
RIERE L. CloudSeg 122) SR F 8L AWStream H)BEVEATAR ) FrA AL, FHSATH 70 HF R AL 7E
2 i B v O ) MR HEAT 0 BT AR G B 2 AR Y AR T Y B R MR AR T R R AR AL
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Figure 17 (Color online) Pipelined parallelism for encoding, transmission, decoding, and inference
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Figure 18 (Color online) Target denaturing Figure 19 (Color online) Global transformation
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VERCRBEAT OO, IS Ha e AT L 75 SR A BT X kA i g QL W48 Bl iSUi BT s R A X 2% 35
e PR 98 TR AT (0 B 28 R R Xt 48 SR B SN AT 2 A R B IX RN TN, 2% Wl
B VUK WAL 4 SRR IR SR B S AN 22 By i 47 S USRI SE T, 190 2% B i3 T AR
JEY 40 058 760 s 40 AR e A1 BN AR ) 5 B o . Gn SRAN 5 A 55 BN B AN AE RS Bl 3 AT R 7, iR
gl 5 GRS Al N GERE, A TR BT RRAAGR Y. Sez, 5 Rt R I I I AN AT 5
B IEBEAT AR S5 E0K, m RCH AT 52 (IR AA PRI BRI A AR R, AR R i B2 & )R i, el
PRAP AR I8 # TR LS AL M, BRIy R G R — BT SR, R, Rt n] RE R i
FR o AN B BEAL ) A AR 73 BT A2 55 (R 2R

43 NB/ERR
) 2 VAL T AR « HEB I R S 7 e H R

4.3.1 AL

AL (query optimization) JR AN Eidfe A U AT, F8 8008 22 AL PAT P R 2R & i1 K
I, RS SN B e . R FFATHAT  AERE AT SRRSO OS5 2 R RAL T332, 8 S A S50 2 E R AN )
JHE BT A, BETTR € St A THRI (query plan) (401, 75 KRR ) S I MR AT 50408 43 o, — A
1A% ) 7 S5 EAEAT 2S5 Z BRI, [ 22 TP P BE 1A R 55 a A AN DRI SR, Bl n sz i o 43 224 iy
RS BT A A L A2 DXk A BT IR 3 2 A H AR ARG L IR LA B 4= o A A
SEMUAERE S AR, XA SR R RE W] AR 9 F P 170 B 55458 A M TR, 10 /5 ZE30AT (1 &0 TRt
M58 2.1 ANTTER B AL ST AR AL, 0 1 1 2R BB A BEELE AR 2 SRR AT K &
WA AAZ IRy AL BEAT AL, R AR 3 AT IR o (R IR P8 2 ST R Dy TR G A, S e A/ s
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Table 3 Summary and comparison of selected studies of collaboration level technologies

Ref.  Application Key method(s) Pros. Cons.
e Measurement-driven opti-
52) AR Runtime offloading decision mization framework e Fixed offloading method
making e Adapt to network dynam- e Single tenancy
ics
. Cross device-edge-cloud e Bandwidth & computation .
[17] Surveillance . o e Ignore latency constraints
resource allocation co-optimization
e Reduce latency & band-
Region proposal prediction; . Y . . .
. . WI L] Xperiment on simulation
[99] AR It Foad dth E t lat
multi-server offloading e Load balancing
[100] General Layer-level model partition e Reduce latency & energy e Only for sequential models
Model partition with earl e Reduce communication e Handcrafted partition
[103]  Surveill Y
urveillance
exit overhead point
Joint partition & exit point e Adapt to latency con-
Y . .
[104] General ) ) ) e Pre-defined exit point
selection straints & network dynamics
Synergistic progressive e Adapt to resources & input . .
[105] General ) . e High power consumption
inference e Can run without network
[107] WCOA Incremental upload of DNN; e Suitable for cyber foraging c . & RNN
e Cannot suppor
partial DNN inference e Reduce overall latency PP
Feature map slicing: e Adapt to network dynam-
[108] General ive offioadi ’ ics e Only focus on image tasks
progressive ofioading e Reduce power consumption
DAG-struct DNN o Max-flow min-cut formula-
-structure
[109] General tition tion -
partitioning e Adapt to network condition
[112] AR Cross device load balancing; e Improve inference speed & e Experiment on synthetic
response time estimation throughput data
[113] S - Runtime horizontal offloading; e Improve accuracy Oneti Hine finet
urveillance . e One-time offline finetune
camera specific DNN finetune = ® Save bandwidth
L e Reduce average latency . . .
. LSTM-based ROI prediction; - e Experiment with simple
[116]  Surveillance . o e Improve resource utiliza-
stochastic partitioning . tasks
tion
MapReduce-based distributed e Reduce latency e High bandwidth & energ
Y
[117] Detection .
DNN inference e Adapt to device resources demand
e Reduce communication
. Fused tile CNN partition; . .
[118] Detection ¢ load balanci overhead e High power consumption
runtime load balancing o Open source
e Tradeoff on accuracy and
[120] AR Adaptive bitrate streaming bandwidth e Lack fault tolerant
analytics e Adapt to network dynam- e Exhaustive profiling
ics
Super resolution-based e Accuracy-aware SR e High computation over-
[122] General
enera .
streaming analytics o Reduce bandwidth head
Two-fold server driven ) e High worst-case latency
[125] General . e Reduce more bandwidth .
streaming e 2x computation overhead
Dynamic ROI encoding; e Reduce transmission size & .
8] AR L . e Ignore network dynamics
pipelined offloading latency
Content prioritized til e Improve small object detec-
ontent prioritized tile
[77] AR P tion -

offloading

e Specialized video encoder
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gk
Ref.  Application Key method(s) Pros. Cons.
e Improve throughput
. . JPEG feature map
[127] Classification . o Reduce energy consump- e No accuracy guarantee
compression ]
tion
e Adapt to network dynam-
Autoencoder-based feature ics . .
[131] General . e High training overhead
map compression (] IInprOVE accuracy
e Save bandwidth
Video . e Tradeoff on throughput & . .
[132] . Face detection & denature . e Cannot run in real-time
tagging privacy
. e Denature face identity . .
. Real-time face replacement by . . e High computation over-
[135] Recognition o Keep expression & orienta-
GAN . head
tion
Perturbed feature map; noisy L
[138] General o e Avoid image recovery —
training
e Perform real-time on cam-
. Privacy-enhanced reversible era e No theoretical guarantee
[139]  Surveillance ) . L . )
video transformation e Maintain analytics accu- against attack

racy

AT BN LB, SRJ5 7 SRR B HEAT BEIR A0 TG . AR BE, DL SR, Sk, AL
WHARREIEL S ) 2 055 & b, MR RE - HrEme . BlEiR . B & SR r gt 4T AL
i, IR IR S5 2 IR 55 AL

Optasia MU X E 4 AL 31 51 % SCOPE M7 #H4T T4 &, (2 SCRe 2 PhELAl LA o B i, A
fRKUL, Optasia BFRFAEFEEL . 4328 KI5 FR i EAE NI ET T (processor); 415 5t 2Bk HARIE
BB ITRAEAE N A T (reducer); K HARH IR B SIS R ENE NS I E T (combiner)
BEM T SCOPE R4, siil 7RG ERIES (structured query language, SQL) Bo. ZHp
FEORT LA 10 47 AN BOARRD S B 22 AR 8 L ACiayian il « AT NS OISR 5% 9 1 I -AT AT I
B4, Optasia KEESARSGY) 73 2 AR EL B B AT B, 6 AR ) - SR A AR i 22 A I
L 1 B ST AL, fE RGO AT BT T HE. TREE I A B EDHT AT S AL s
EEA L, AR A it 1 — R PIRIAEF O B 4 MU0, 7E IS AT I HR A8 5 S R) s 5 B AL A
PAT T LI R W, Optasia $&HEHIRFERIAL T7 SNEEID> 1.5~3 FEAEIR, JF H A RIFHIH RIE, 176
BN FREEETE 100 5 )5 B ZEIR JL AR, VideoStorm 191 W #k—2525 F& T MUAR 4> M ift FiE v 22 Fb il A
BHSH, BREWER. PR B RS, X AT R — S E U R 0 . THRIT A T R AU
5858 SQL BT /0 B BT A AT FF 45 AN ], VideoStorm I8 ik 25 2 A 7 b AS [ S 50 & 1)
ST BEA CPU 5, I 5 R S R AR B L ik 3] Pareto LIS EEE S . 1EAL PR SLIN ARG K
I, VideoStorm ¢ _Fikik th i) 2 8 ic B 5 & 1E AU I B 18], R H T 4ERF CPU BT PRI~
/MG I SE IR MR KA AE A B2 0 2 0 THRI, R EAT AR L ) B 70 BE AR 55 TR . il 20 BTows,
VideoStorm AR & A A WD THRI, F HR A7 A 5008 G v R FH 2 R T, AT 23 BT T R o ) 25 A T B
DECEIAFENLE EHAT. 7E Azure L 101 DHLESAIERRERLE LI, VideoStorm A ELTH: T 24170 id
(i BE T A2 T T 80% B A dERAFE, I OB 18R 2R M B BCE FEK 1 85.7%. 1EN VideoStorm
(5 2L TAE, 28 4.2.1 /N HHEEIE) VideoEdge M7 SR T AR & — BEIEAUET L, EA R4k
T R T - 0% - s =R, R T AT SN E JZ RS A1) CPU MR 2 Mt
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VideoStorm
<>
- manager
I Machine manager I I Machine manager
Process Process Process
I?' »| Transform Transform Transform Transform I?'
"l  Decode Background subtract Track Decode
Query 1 v v Query 2
Transform Transform
Classify Detect license plate

Worker 1 Worker 2

20 (MEMFE) VideoStorm RGEMRER

Figure 20 (Color online) VideoStorm system architecture

VAR, LEAS A AT AR 55 3L A R 2 AR 55 45 R T e L. VideoEdge #HEE VideoStorm #2 7+
T 5.4 5 HTHERG

ERTTVER — O B A3 M A ARSI A S O N R E A B R S H, OF B B IR GPU
SEFERTE SRR, Chameleon 142) $5 | WIS Wi AR B3 00 1 2 MU B 2 B B LB P9 28 R A AR Ak,
BEAEBATIN A L BEAT S5 b, B id & AT S S B G Oy T G A IR 20 ety SR
THEITHS, Chameleon HJFH 1 AU ) e 8] Jag 3506040350 20 WABTAR 18] R AH S, A — g I 1) e L A —
IR, LR AR k DMSHICE. AT E LT — XS5, Chameleon REFEARIR A TH5L
PR FHET 20%~50% 153 HT#ERA . HeteroEdge M3 £ Xl 3 Mk 55 2% b A T H 550 46 AL iR 5%
PREETEIA] ) 28R DL, K A A A AR B 2] Storm HEZEH BN TAE S5 1EAT HFE. HeteroEdge
FRIE XS FEATAES5 BT SR AE B AN LY 75 SR AT A T, AT 5518 52 20 Kb 2 S 3B 9 9 454+ i A2 38 e /)
RS FRIAT, FERARE BT S IAE GPU 3T, FHEET Storm HEZEIIA TR FE %, HeteroEdge
FEF BAT CPU 1 GPU MRS a et B> T 40% ARSI 25 A BH 4.

4.3.2 EIBINER

FER RS 73 A i RE IR AR I 28 A 4R i AF B ARSI 48, (590 1 e 55 & 1 KB 23 i
SR, IF AW 5 20 GPU 888 AIEF Bhnid s AT, Bl DA SR 3% 8RR G AL BRI 0 B e
Br, I HARGEA FIE R AR SLREAT BHIR B, 8 B 75 FRIR LR 2 I 2RI Ig 5% RO RBP4 T
JIR 55 % L B HE PRI 3 B U B0 R A 22 90 2 HE PN BE R Rp A BEAT B G 0L, BE— 23T S BT
HMFARCR. HEEANE ] L N SIS G I AN ERL: 55—, 2 MR 1A R A2
AT 3 AT, AT DR B G R AR BT S IR AR N, 3R B I B IRA AR SR, R
ZARRA 2 R R AT 2 Al i, mT DUE R L i e g 725 i 7 NG IR AL S
B, > AT AT SR BT DU RPN T ), B O 5 A DR 20 b A B R AN AL A
JS2FH SEIR BR A B 00 T, R AT RESR R SR AL BB T B R A i

WMANEH (ML), GPU A ZNIFATHHEE QAN AT 5. I8t 27 3R N & JF b2
ZAN, ATUA RS T  GPU SRR RCR, Sin R g et &, SR, Htab )y (h
SIS TR SRS FEIR: — 7T, FR oM B A A A AN LR v 53— O, oK
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JIN B 1 T 1, 2 1 — R AR HEFE () BRAT I TE]. TensorFlow serving M4 248 A &) 415 Tensorflow %
JE 27 STREZRTF IR AR R IR 55 22 4, A LALEE B 3 & 7 B A A S DLSCRE R BB HERE. SR,
TensorFlow serving # H E’]Igﬁﬁ:}%@t%Dﬁ1&/%)§$2*ﬁﬁ%ﬁ’]]:ikﬁ%ﬁ%, TEH P TR E#
UK/ Clipper 1451 ML i i St R /NOR 5 Fia BB 1R 07 =X, DR H 45 8 3R R T A BT R (1
BRRAEICR N, TR LR IE B0 R FR) 25 g 3R AT 70 M. 72 TR AR s sl s/ S 0, AT e L L
LV N BB HE /NS L, R Clipper B ZE IR BAT 4 AT HEIK AEERF E L2 5N, 1635
Hllaterh, (R 2 ms PATHUALFERT AR 3 i RGE LR, #h4b, Clipper i0i8 A 45 B 1) 2247 A
S B, JF HAR 2R R AR i STBROR, I 22 NS () H 5 T 20 B e B2 . S
FeH, L E E N LA AN 2 R 22 AF, Clipper 7] URTE 26 15 R4 k&, 50 & KEEFIL
(1] TensorFlow serving FRIAH 2, FF H LA & N FI2ER E K. (H2, 78 Clipper $H 1) 2 AL Al
HEALPRAEZE | PR A BB AT SR BE B 18, LV 5 OB 2 S die Z2 15 100 T B 3R G B 438 Rk,
T ISR HERR A IR (R Bl P, CollageInference 161 $2H T HEMSHEMTH AR, 5 —Him N EG P —
K R TBON TE il R 190 28 b - B L0 A A N PRI 25 SRAE DR TU AR 48, 480 /0 A B HE B ol B2 i A ), B
A LA FH B U D A B P R SR 10T VE O R R 73 AR5, FTLAZ> 16.7%~50% (1) 99 H
IHALAEIR, I HLBEAR 33.3%~44.4% HIIEIRTT 7. ANFT Clipper IB47/E £ GPU KJIRS54% 1, Neuxs
4T 8 7 AA ZAHE GPU RISERE, $H T Hr R I & (squishy bin packing). B AASKS, AR
WA GPU H BT A 1 28 i HR S W BEBRAT, SR 5 AL 16 A 38 18 K A e B R )/ A 3 A SR R4
RS GPU 73 BO AR B AR 5 A5 i K B KR/, FET 2 99% BB EER B O N e KAk R Gt itk
B OUAh, MATIER A T 2R Clipper MISLVEBEATHECOR /MBI ASHEE. Neuxs AHELT-H: T 2000 500270 1
GPU HJELBIEAE, 780 A BRI R T AR5 52T 1 9.4 Aok &, 72 I ()R AU ) 223 70 A
FHETH T 1.79~4.32 5L R, I HARARYE 71 2830 8 SRR A 2. Clipper 194E/E InferLine 1481
—BHEB T mS4 EEAT LAY KA GPU Ml FPGA &R & g, WIS/ MURE
S SIRERYAEAL BB RE AT IT 4. InferLine 18 5d 12 4 1045 AN R RL A2 AN [R] 50 26 b B SE IR 5 4tk K/
KA, R JE ARSI I AR R 21 B Y545 i /) HLi 2 S I8 SR B REA I L, R P v A RE A AR 4 5o
55 UL B 1) T ) 25 1 R B R R AT IR AR . AR I S adh = IR 55 4 B AN 4%, InferLine AHEE Clipper
FEA R A& R T 86.8% AR IT4H, HLAEWIAL 99% HIAEIR E5K.

B 7 b3 T e et O B R RS AL B 5 0%, 3 — S AR L T T A AR AN & R A A
BEXE 2 AN ST ST T AT 55 #13, EdgeBatch M9 R ETERIEIAZ T i GPU AT ERE I
HIFT B RIS, AL Iy SE A0 SR SR RERE. FAASR UL, AT 1700 8 ST I ST 453 2K bR B8URT e B4 2% R B, BE At K
RN G — >0 IR B0 o) REEAT KA, 183 128 2 VP At MIEE 22 25 > AN BB &S T B L TR
N B R AR B S R AR I 25 11 SAT %%, EdgeBatch 598 AT LATE & 44 2468 P85 T S ok 1 40
RE RGN GPU ftACH NS, £ 4R AT, EdgeBatch FLHAMEIVERRAS T 31.1% mui 2
Ui IR, HF H BT L) T RGUAEFE. Fang 55 1500 £1X5 Z ML A& RS54 4R T 5T B R U ANk
TR SR TP D GPU T EETTVE. IR EET7VE T DL AN 1% 3% 5 1508 PR A 48 D 8 A R R R A,
8 RGAEREFE  ZEIR DA K] 7 B [A) 3 J LA R bR I8 B e F 1 IR 55 1 e A5 2880 B AR A0 43 A F g
N HEIR ELAT BESR, H A2 SO VAT S5 B R Ik A BEA (B 18], DeepRT 15U %o} 1 Fh i I ) 1) 22 L 1137
sTH T 4404 DisBatcher FUFHEARFRBILH. AdAT TR 8)K] 73 AR BEAR 8] PR SZE S I 18] e, 1RSSR F i SRk
R NIR AN ]y, 5] DAAE SR AN IS 8] v 5 SR A I TP GG AT HEAR PR SXCRAE T AE N — /NI JE) Jr &5
WHT, T IR AT 55 CAPAT S5 K. DisBatcher HLEI AT BLE & &/ME K45 € 118 BRI 52
NRATRESG I RN, BRI A S R S5 R AR R, DeepRT & T84 GPU LIRS
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#, M ECML 192 NI T £ GPU BRI . fEXMZ R T, BREEHRT GPU LR EIAST
BRSO T H T E HAR. ECML i 7 GSLICE U2 @ 02 5 % 2 0 B i@ M LA BE SV, 5%
fi GPU BB A1 2 B Y HE P S IR R () T2 TR AT R b T AL B O/, ATIERAS 1 5 et &
[, ECML ¥ A GPU By52# 2 M2 I (controlled spatial multiplexing) ¥ 2| T 2 GPU 4
b BT GPU AT FEAE 555 s AL, ATk 1 A R B EIR, it /8 GPU S
FEIEEAT 23 () L R IR 25 2 N AN R I R AR P SRB0R B, 753 AN A E 55 IR AE IR 2K T2, ECML
T T 2 5L B R

BWEIGH. V25T EXN R MARGEAT A R 534, 50 anss [7]— S A ARgt AT AR
ZEAAT DA ZE R S TR ) () 2 L, V22 TR B A 28 X 4% LA A () 1R P9 285 A FIARTIE 1)
SR, A I TAET [N X LA [R] X 25 B ) B 32 Bl 38 2 U0 2 5 13T A 9, BERT DARR(RABE 2 4k
MANAZ G ST, el DUg T & BRAb, IR 5 Sl R ol S8R 22, #4828 0 RF e AT 55
(R R GT, DRI AR Y (0] 305 U0 B o A AE B S RN ik 2 2 9] (AL, Mainstream (193] &%} [7]— A4~
PUARLEAT 2 FhAS [ s B o0 A, A S 2 BB, AR SR Hoks 2 AN AT B I 2R S 4L
iz BAMFEZH, FFENGRIE FROR R IRAABA X S5 W EE TR VI R 43 B ANAE H FrpLEs
IR E MR GRS B, FESATI BT &N B 2 [ ) S B EAR ) 750 2 IR ZER M RT§E
KRR 3 S dE e 2. AR LL T i RS BIL Z A AT S 8L =, Mainsteram 735l w5 1 47%
87% W1 HT F1 7040 HiveMind 154 12 B 43 B AR G2 S HOHAT HEALEE, 5 7] — AN RAT IR AN
[FREALHAT 70 4, 20 N IR AL 3T & 9. Bk UL, HiveMind $2H T ESH 24 I A, v LK EA
FHIFZH B 2 . B AH [F) 4 N E A H O/ INASE Y 122 DA A HLA A IR\ R /N I B IR 2
R ZIX 3 K47 I, HiveMind i 5 &K A8 20 B AT & 9F, I Halid fa A sk #5577 =ik
— D HAE T AR R F N ORI AEIR . A EE T4 0 FAT AT A 1554, HiveMind #2711 5.7~10
R, Hd T 37.5%~87.5% HIAEIR 7 %. NetFuse 195 M2 FE T R[4 N H 2 $ASF AR
AT I, I A B RUUKE L AG AR (R A R B AT AN & O, Bl SRR B A B, K2 A
BB NHIE S, TR GPU WAFFIZEAF TR I = R, NetFuse H4 28 SRS 7) BT 455
I 3.6 1.

4.3.3 NG EE

B T8 4.1.3 /NTRRBI BRI AS B B R fU2 Ah, FEARARHE iy AF I S A] R AS [E] 4R
AR AT SRR — e AR, N, e T R ReA AR 2 A R AR A, [J— M
BT G RIS AR 0 P FT R TR EAEAR AR B AR B TIE R, DG EIRS AL T R P B
B, RN TR ZACBAR AR 2 2N P BARALE R, BRI, GG AE R AR UL —E A T4 AR
fr, AT LB A R TS R U AT E RN S - i, R HARE TR, B 21 N
SE RS AT 20 AT o O FH 0 SR AT 2. T 2 RS I b A o AR AN R T R AT i 45 R, ANAE
GAFARAT PG OL N 1H R = IR 55 25 2T #4228 43 #7.

Cachier 1571 £ 14 5 3 52 e 575 (1 SE T B RN 5%, 4% B8 s e /DA FH 1) B 46 SREms, 7210 2 IR 55
TN G AT AT, M PR IE G BA G AT RS, 2R % 2 T H L =0 ORB $#E 173
FHAE L A7 B 7 B BUKIA % (locality sensitive hashing) 3-8 FAEUCHEE, QS UCHEC Bl Th ) &2 R 5 45

o T WPRERHAIE KI5 B = i AT 3 — 22 00, N T S/ MEF P SR I3 A B AEIR | Cachier FF 5K
J B A AR SR 22 A7 i vh 2R, AR 0 28 RO Bh 2 T B 1 S S A7 R/ AR 1 L SE5G, Cachier
FHEE T4 AL B B b T 66.7% ISP FE4EIR . Cachier /542 TAE Precog 18] $2H T 1%
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Devices Edge server Cloud

Semantic cache
Inference results <

Key 1 bag, person 1, ...
=—» Common for miss or hit

21 (MERTE) DSELERGETEE
Figure 21 (Color online) Edge caching system

Full DNN

inference

Key 2 person 2, car, ...

truck, bird, cat, ...

= Only for cache miss

25 Ui R 25 0 P 2R 2 A7 R, 1k — B8/ 1P IR BAEIR . BAASR U, IS MR 55 &5 R4 A 2 H P )R
VG SR, 3883 T /R AT FAR AL TR 4 181 R d v] REVE SR 1K) H . 1506 s U AR 08 3 25 I 45 2 1)
TOIAIAS b ) A5 e 4R R A7 R/ INPE T T 2O B2 1) B ARFRRE AR 45 3. AHEE T R USR5 2% — 9 2%
17, Precog £ HSLHE A9 L5 s> 1 80% [-FIIAEiR.

IR 7R R A BB R AEEAT VLA, 1R 22 AR AMELAS 58 oA [R] 1 BRI SR eV AR 4 R
AR ShadowPuppetes 1961 £33 AT 5%, $2 th I B 2l g i 25 45 K4 1D /N B 4o 22 o) 4 PR o 5 P15
B SURFIE, 61528000 Sy ARSI B AR A REAE B2 e, IF LUZRHMIEE N R 51 AT 247 ILIC. Shadow-
Puppetes 55 NI A A LLT =i B R D T 80%~90% MIFEIR. FoggyCache 1991 SR T ALl
Cachier 284, HIX B R — 45 B R A LRE, JF255 X — 4URIERT B ) 45 A5 2 4 i A
RIS, B, 58, FoggyCache X A% St (1) B HUBIG 7 753047 1 ook, Zhas R4 SRk b (1 o7 B Uk
S, LA N BE I (R AR AL IR E B0 2 A . IR, FoggyCache X B BEUBIG 75 48 2% 1) — 2H &5 IR
ATGEE oA, 0 [F s, G SR 5 SR TR) 4 IS T R ) 52 A e e K 25 SR 1 B0 mT LA 150 B
2 NSO B ARA I S 22 P AT 55 04T IO, AAIE 73 Bt S 56 2% BH AR L AR iz A7 FIV& A 2247 1)
HEHIN T 66.7%~90% MIIER, AR T 1% HITHERE.

B 1R SN BURE SR B TH RN DL AE B2 Ah, I A — LeE X0 14 5 I S 1) AR AR FH AR A ) B
TG A B & R 55 33 22 A7 25 ). CollabAR 1601 R 238K ARCore HEZLAS THAS [FAHALAO AL 2,
BT =24 BT AL AT 5 30T 2 A7 AR AT 75 78 i 17 R [ ) = 4 T 548 R, 4R 3 BT A 5¢ 1O 22 A7 A A0t
SR )5, CollabAR I B2 5l > I 7 V2K AH AR )R 285 SR, 5 4wt (4 23 B 485 SR D0 S A Dy 4 it
S5 IR AE R F L B4R IR 30 fps A EEEAT SEI H AR R A, BT8R T AR A 2 dr
50, B EHAE NI T 16% DL R T AERIEE . Younis 55 D61 N ZEORAF G247 UG N
FE A BRG], @l FHU GPS jENAE B Jeib AT — IRk, FEAEAL B AT 1) 2247 EUE s EATRAE DL
BoAngs A H.

4.3.4 NG5

%) BB RBOREEGR N T R w55 4 IR A A 2, S RS AR 20 BT A 55 1O AR 55 4
B T SERA TR 55 B SEIR R, 105 ) 2 |2 IRBORIE T EN 7 W dEmi T . AbBESEIR | Frit i
BEAT AU, o, BRI R 5 I MR 55 4% SR 20 B0 S 20 M A 55 VA B 1) A PEE Bt v BB AP T AR
LG GAFBRN A TURTH R A B IR R R G &, — U7, 2T %k s R G 73 Hr
ARG, LGRS 438 A B BT SR BRI 53— 7 i, Vi 2 SER AU R4t [ = i
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AL ME TS DRIV 2 JEACON 21 S0 BT ROALTR 20 A MRS HESE, Bildn Optasia 141,
InferLine M8 4% 0 n] DLELHE S B2 T IO K 0 R4 rh. AERIAGH SR G it SR it 5%
WA B B, 0% ) = IRS5asbR TR RN I SR Z A, B8 H AR 552 X 2 Al BEAT SCREAN
RIVRG AR, BATRY KL% ) =2 IRBOR R AR IE TAR R R 375 . 0 Jr i m Lk s 8
GETER 4. ATLAE B, Horp b A A HE RN g S N AL R G R A i TG AR RN I
IR FHER PR A SR T B N R

FARUE, BB RS SR BRSO, AR A i KT BRI B AR
JERMZEALAE. e H KR A BAT 2 D AR 55 4% LKA R G RE RN IR 55 (1 S0 SR AN, IR R AT g
AR BRSO AT AR L L SEIR AR AR I EOR. AL BORE N T 4(b) Pt Gk nivu st
HITHEL M, BeE TN G A b R B S | B g%« oAl od S KA BT A 55 SR T,
BEBARAII T X2 2% AL A FE LR B M e B RIS AT A TN X%k R GE T i AL
TR ST, I TCVA DRAEHERA . EBINE SRR A RS i K g — %8, FIH GPU B
TR 2 0 25 HE BT R | SR A R 55 SR L REER. Forhr, S\ & Rl e b 57 KN FIH GPU
F AT YERE, DLER M SR AE R AR T R Gk & B & I W A R 55 8] 36 A 20 2 o
AV R RJT 4. HEBINEBOR RS A T I BOR T SEEe i, BRI A Ay GPU IS N HL 52
B MR S5 FL AT XS Ml SRIKI A e PRI SE ORI R, (X BEPL AL T2 SR R ) iRk 55 HeE 3R fURK
B35 IS GAF BN R 45 RAE R FINTREAT R, A58 R A1 R 42— D AT 704
ORI T TR —RUSREAL A 2 BRI 8] U AR AN [FI AL 0 Wil SRR 23 18] TR, Sl I A7 T sl M Pl 7 i
SR ZINEE S RIS S S BN AN 4(a) FrmEARIRSS TH AR, — NG SS A R] LR
G5 HRRATIASFIAL ™ B3R, FLR R G A7 A v MR T H P TSR IR AR SC I, RS2 IERE.

5 Argus PURAKBIRERETITTE

FET R SR A A A e SRR IR AT T, FRATER T Wi 22 st T 2ot S AL
KEARE RN & Argus. TATHEE 4 WINAME . IME. 1%/ = 3 NERZ T OE AT
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Table 4 Summary and comparison of selected studies of edge/cloud level technologies

Ref.  Application Key method(s) Pros. Cons.
unk level video stream e Improve accuracy e Ignore network transmis-
[141] Traff Chunk level vid: I Ig k i
raffic
parallelism e High scalability sion overhead
e Tradeoff on  accuracy, .
. Dynamic config & placement e Ignore network bandwidth
[15] Surveillance . o throughput, and worst-case . .
for analytics pipeline e One-time model profiling
latency
e Consider network band-
. Cloud-edge-device analytics ) .
[17] Surveillance el 1 ¢ width and heterogeneous re- e Not suitable for GPU
ipeline placemen
PP P sources
e Adapt to video content
. Periodical profiling & pipeline . . . . .
[142] Surveillance a dat e Utilize camera spatio- e Naive grouping algorithm
config update
& up temporal correlation
Cross device module . L. .
[143] AR heduli e Utilize CPU & GPU e Heuristic scheduling
scheduling
(145] G | Adaptive batching & e Improve 26x throughput Onl " ingle GPU
enera e On ork on single
approximate DNN caching e Satisfy application SLA W &
urveillance ulti-image collage inference e Reduce latency variance -
146 S ill Multi-image collage inf Red 1 y i
(147] Traffic, Batch-aware squishy bin e Scalable on GPU cluster e Work poorly on latency-
Game packing; prefix batching e Maximize throughput sensitive tasks
e Auto-scalable on heteroge-
[148] General Batch size & accuracy tradeoff . & e One-time model profiling
neous devices
e Reduce latency & energy
Stochastic optimal task .
[149] Traffic batchi cost e Only support single tenant
atchung e Consider network dynamics
. Heuristic & RL-based ) e Waiting in queue causes
[150] Detection . . e Reduce resource contention
adaptive batching sub-second level latency
[151] AR, Admission control & e Reduce deadline miss rate Onl X inele GPU
e Only work on single
Self-driving “DisBatcher” mechanism e Increase GPU utilization Y &
Controlled .
e Design for GPU cluster
[152] General spatial-multiplexing; 1 9% tl hout -
e Improve wroughpu
self-learning adaptive batching P s
[153] G 1 Dynamic DNN sharing among e Tradeoff on accuracy, la- e Computation overhead for
enera
applications tency, and throughput training
e Single input multi-DNN
[154] General Cross model DNN layer fusion e Improve 10X throughput g P
scenario
Cross model DNN operation . .
[155] General fusi e Improve GPU utilization e Handcrafted fusion rules
usion
o Reduce average latenc
Edge caching with LSH image & Y e Need static underlying re-
[157] AR . e Adapt to network dynam- o
matching . quest distribution
ics
. Autoencoder-based cache . e High computation over-
[156]  Surveillance ) e Improve cache hit rate
index head
[150] AR Adaptive LSH & KNN-based o Aggregate multiple results
image matching e Improve accuracy
[160] AR 3D anchor-based frame e Improve accuracy for dis- e Evaluation on synthesized
caching torted images distortion only
[161] AR GPS-assisted i bi e Reduce image matching e Require additional sensor
-assisted image cachin,
8 & overhead data
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Figure 22 Argus: edge-based large-scale video analytics platform
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Abstract Real-time streaming video analytics is important in applications such as intelligent surveillance, smart
city, and autonomous driving. However, large-scale streaming video analytics is impractical on the cloud, due to
its high computation demand, large bandwidth consumption and stringent latency requirement. The emerging
edge computing paradigm can effectively solve these problems by pushing computation from the cloud to devices
and servers at the network edge. To this end, this article conducts a comprehensive survey on edge computing
technologies for real-time streaming video analytics. Firstly, it introduces the background of video analytics and
edge computing, as well as the typical application of edge-based steaming video analytics. Then, it proposes the
performance indicators and challenges faced by the existing systems. Afterwards, the key technologies in this field
are introduced in detail from the device level, collaboration level, and edge/cloud server level, including model
compression and selection, local caching, frame filtering, task offloading, streaming protocol, privacy protection,
query optimization, inference acceleration, and edge caching. Based on the integration of above core technologies,
this article proposes an edge-based large-scale video analytics platform, Argus, which provides systematic support
for the real-time video stream analytics on video collection, model inference, data mining, and log management.
Argus has been successfully deployed in the smart oilfield scenario. Last but not least, this article discusses the
open issues on edge-based streaming video analytics, in the hope of inspiring future research ideas.

Keywords edge computing, video analytics, model compression, task offloading, query optimization
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